We establish a methodology for calculating uncertainties in sea surface temperature estimates from coefficient based satellite retrievals. The uncertainty estimates are derived independently of in-situ data. This enables validation of both the retrieved SSTs and their uncertainty estimate using in-situ data records. The total uncertainty budget is comprised of a number of components, arising from uncorrelated (eg. noise), locally systematic (eg. atmospheric), large scale systematic and sampling effects (for gridded products). The importance of distinguishing these components arises in propagating uncertainty across spatio-temporal scales. We apply the method to SST data retrieved from the Advanced Along Track Scanning Radiometer (AATSR) and validate the results for two different SST retrieval algorithms, both at a per pixel level and for gridded data. We find good agreement between our estimated uncertainties and validation data. This approach to calculating uncertainties in SST retrievals has a wider application to data from other instruments and retrieval of other geophysical variables.
12
The terms 'error' and 'uncertainty' are sometimes used interchangeably, 13 but have distinct standard definitions that will be adhered to throughout this 14 paper. Error is the difference between a measured value and the true value of 15 the measurand (JCGM, 2008; Kennedy, 2014) . In practice we know neither 16 the true value nor therefore the error for a particular measurement. However 17 the distribution of the errors can often be estimated and this distribution 18 characterises the uncertainty in the measured value. Formally, uncertainty 19 is a parameter characterising the dispersion of values that could reasonably 20 be attributed to the measured value (JCGM, 2008) . To quantify uncertainty 21 in this paper we quote one standard deviation of the error distribution.
22
It is common to provide generic uncertainty estimates for remotely sensed
23
SST derived via comparison with in-situ datasets during validation activites. are often provided as globally invariant dataset specific values (May et al., 31 1997; Reynolds et al., 2002; Casey and Cornillon, 1998 ). An additional field 32 indicating the retrieval quality level can be specified at pixel resolution pro-33 viding information on the likelihood of cloud contamination, noise lamplifi-34 cation at extreme satellite zenith angles or input data quality (Donlon et al., 35 2007; Kilpatrick et al., 2001 ). An extension of this approach is the MOD- difference, SST quality level and day/night (Castro et al., 2010) .
40
Sources of uncertainty in remotely sensed SST are intrinsic to the retrieval 41 process and the data utilised. Uncertainties vary from pixel to pixel due to 42 local changes in instrument noise, satellite viewing geometry and atmospheric 43 conditions. We present here a method of estimating SST retrieval uncertainty 44 that accounts for these factors at the pixel level. There are a number of 45 sources of uncertainty in SST measurement and the need to differentiate the 46 effects of random, and systematic errors has been previously noted (Reynolds 47 et al., 2002; Casey and Cornillon, 1998; Kennedy, 48 2014). Gridding of products introduces sampling uncertainties and a number 49 of studies have considered these when constructing global or regional SST 50 datasets from in-situ observations (She et al., 2007; Folland et al., 2001; 51 Rayner et al., 2006; Morrissey and Greene, 2009; Jones et al., 1997; Brohan 52 et al., 2006) .
53
In this paper, we consider uncorrelated and locally systematic effects con-54 tributing to SST uncertainty. The random or uncorrelated effects arise from 55 noise in the satellite brightness temperature, which propagates into the re-56 trieved SST. Locally systematic effects cause errors that are correlated on 57 synoptic scales of atmospheric variability and are related to the retrieval 58 method itself interacting with changes in atmospheric properties (Minnett, 59 1991; Barton , 1998; Le Borgne et al., 2011; Minnett and Corlett, 2012; 60 Embury and Merchant, 2012; . We also discuss un-
61
certainties from large scale systematic effects (spatially coherent on larger 62 scales than synoptic features). In a companion paper (Bulgin et al., 2016) 63 we derive a method for calculating sampling uncertainty in gridded products 64 due to incomplete sampling of observations in each grid cell, primarily as a 65 result of cloud cover. In this paper, we use reuslts from Bulgin et al. (2016), 66 and, for completeness, show how sampling uncertainty combines with other 67 components of uncertainty in gridded products.
68
The remainder of the paper is structured as follows. Section 2 describes 69 the theory behind the calculation of uncertainties, their propagation and how 70 this is applied to different levels of SST data (orbit data and gridded prod-71 ucts). Section 3 describes how an initial uncertainty budget is constructed 72 4 from errors originating from random, locally correlated and sampling effects.
73
In Section 4 we present a validation of our uncertainty budget and in Section 74 5 provide a discussion of the results. We conclude the paper in Section 6.
75

Uncertainty Calculation and Propagation
76
We construct an uncertainty budget for SST measurements in CCI prod-77 ucts comprised of uncertainty components arising from random, locally sys-78 tematic, large-scale systematic and sampling effects. The full equation for 79 the propagation of uncertainty in a variable y, (u(y)), given that y is related 80 to input quantities x i via y = f (x 1 , .., .., x n ), is defined as equation (1) 
Uncertainty is expressed with respect to (y) in the GUM, and we repro-84 duce this notation throughout the paper. However, in Earth Observation,
85
we conventionally relate a retrieval estimatex to observations y ie.x = f (y)
86
which is the reverse convention. The first term in equation (1) 
Equation (2) applies fairly generically to any transformation
for which the sensitivity parameters (∂f /∂x i ) are adequately constant over 102 the range x i − u i to x j + u j ; it is a first order approximation. Because we 103 will use the results later, we illustrate the use of equation (2) for calculat-
104
ing the uncertainty in the mean SST from a number of observations. If
where each x i is a contributing SST value, then the sensitiv-106 ity parameter is ∂f /∂x i = 1/n giving:
We can consider three limiting cases. First assume errors are uncorrelated 108 between pixels. We can then put r ij = δ ij , where δ ij = 1 for i = j, and δ ij = 0 109 for i = j. In this case, the uncertainty in the mean is scaled by the familiar
Second, consider the case r ij = 1, which means errors fully correlate 112 between contributing SSTs. Equation (3) becomes 
This form yields the previous results as special cases (r = 0 and r = 118 1). Constant r ij for i = j is in practice unlikely to be exact for a real 119 situation, but may be a useful approximation in some cases, avoiding the 120 need to estimate r ij for every contributing pair. 
147
We consider here the propagation of uncertainties through two different re-148 trievals: 'N2' using the 11 and 12 µm channels in the nadir view only and
149
'D2' using the 11 and 12 µm channels in both views. The formula used here 150 for estimating coefficient based SSTs from satellite data is:
Where y k refers to each channel used in the retrieval, a 0 is an offset and a k 152 are channel specific coefficients. Note that herex = f (y), in contrast to usage Table 1 . Under normal retrieval 174 conditions these would vary slightly on a per-pixel basis. The coefficients 175 are specified to five decimal places (Merchant and LeBorgne, 2004) . Further 176 discussion of error inherent in the retrieval process is provided in Section 177 3.2. As indicated in equation (12) the uncorrelated errors in a given retrieval 178 are the sum of the errors in each channel, and therefore the total errors are 179 smaller in the N2 retrieval than the D2 retrieval (which uses four channels 180 with generally heavier weights).
181
Many users require gridded Level 3 products generated from full reso-182 lution data. When generating gridded products, the average SST can be 183 calculated using the arithmetic mean:
Where n is the number of observations (i) 
193
In practice, when retrieving SST from satellite observations we don't ex-
194
plicitly know the error in either the brightness temperatues or SST. We need, each channel (y k ) used in the retrieval gives:
For a gridded product using the arithmetic mean, the uncertainty in the 205 mean of the contributing pixels is
For fixed coefficients and a constant error in the brightness temperatures the per-pixel level and uncertainties propagated into the 5x5 pixel product.
219
Observing only part of a given grid cell additionally introduces sampling un-220 certainty, discussed briefly in Section 3.4 and more fully in the companion 221 paper (Bulgin et al., 2016 
231
We can characterise the uncertainties arising from locally systematic ef-232 fects in the retrieval scheme using simulation studies. To do this, we take a in the available pixels.
368
The full details of the derivation of the sampling uncertainty model are 369 provided in the companion paper (Bulgin et al., 2016 process. At present, we have no method for estimating this in the uncertainty 385 budget.
386
The first case to consider is 'residual' unscreened cloud contamination.
387
Clouds escape detection if they are sufficiently small and low (warm) or suffi-388 ciently optically thin (e.g., some cirrus). In these cases they can nonetheless algorithms are adapted to deal with). The probability of such cases is con-393 sidered to be greater around the edges of areas correctly identified as cloudy.
394
Note that both the distribution of BT modification by cloud-contamination to generate such information, but to our knowledge, this has not been done.
399
Given these pieces of information, assessment of the contribution to SST un-400 certainty could be undertaken by error propagation methods similar to those 401 described earlier. At present, however, the contribution of this effect to SST 402 uncertainty is not estimated.
403
The second case to consider is atmospheric aerosol of a form and optical affected, the effect in most cases being to make the retrieved SST too cold.
410
Again, the contribution of this effect to SST uncertainty is not estimated.
411
The third case relates to sea ice being present within the pixel for which
412
SST is retrieved. If the ice is not too cold and is relatively dark (circumstances 413 that often go together in the formation of new ice), the ice may not be 414 detected. Similar considerations apply as to missed residual cloud or aerosol,
415
and this contribution to uncertainty again is not presently estimated.
416
There are a number of further effects contributing to SST uncertainty that 417 are neglected in the SST CCI uncertainty model. These include differences 418 in the instantaneous field of view for channels of different wavelength, and 419 local to regional variations in trace gas concentrations. 3) standard deviation of the in-situ latitude history greater than 10 degrees.
441
Validation of satellite data using in-situ data necessitates a comparison be- given grid cell (Bulgin et al., 2016) . This is an additonal uncertainty due the number of contributing cases is small.
480
For the N2 pixel level data we find that our uncertainty estimates closely that our estimate of these components is well constrained.
490
We also consider the validation of uncertainties for gridded N2 and D2
491
retrievals across a 5x5 pixel domain approximately corresponding to 0.05 • .
492
In this case we also include the sampling uncertainty component in our initial 493 uncertainty budget (Bulgin et al., 2016 Overall, we see that our independent uncertainty estimates show good 503 agreement with validation data using in-situ drifting buoy measurements.
504
The best agreement is for the D2 retrieval at a per-pixel level. For the N2 
511
These may be larger across a gridded domain if they affect multiple pixels.
512
In this validation, the estimation of large scale systematic uncertainties 513 has also been excluded, but in the SST CCI Version 1 products this is set 514 to an invariant value of 0.1 K per pixel as a best estimate of the magnitude 515 of this component, and then added in quadrature to the uncertainty budget 516 (Merchant et al., 2014) .
517
Although at present the uncertainty budget can not be fully constrained 518 due to the limitations described in the Section 3, we are able to characterise with observations. Where more than one observation is available for a given 543 day, the smallest error variance has been used. The uncertainty from uncorre- retrieval and how to propagate these through the retrieval process. We derive 564 three uncertainty components here and in the companion paper; uncertain-565 ties due to uncorrelated, locally systematic and sampling effects. We apply 566 our derivation to AATSR data within the context of the SST CCI project 567 and find that our uncertainties validate well against in-situ data for both per 568 26 pixel and gridded products, and for two different retrieval algorithms.
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